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Due to the drawbacks associated with the use of petroleum derived fuels, the use of more sustainable fuel sources
has garnered increasing attention in several sectors including road transportation. However, the transition away
from gasoline is often hindered by the inability of currently operating vehicles to efficiently run under alternative
fuels. Therefore, the logical short-term alternative is to transition to clean fuel sources including higher-ethanol
fuel blends that are compatible with current fuel systems and spark-ignition engines. In this work, the long-term
adaptability and economic feasibility of non-flex vehicles to consume a 30% ethanol (E30) fuel blend was
investigated. Sixteen diagnostic and operating parameters were tracked in real-time in 50 vehicles over a oneyear period. The vast amount of data generated was used to train sparse regression and machine learning
models to explore differences in performance and operational robustness of commercial vehicles consuming E30
blends compared to the ones consuming 15% blends. Results indicate that although modest changes can be
observed in the behavior of a subset of parameters, overall performance and adaptability are not compromised by
consumption of E30. It was determined that an average price difference of 2.5% is sufficient to offset the mileage
loss caused by the increased ethanol concentration. Finally, we discuss the large-scale environmental impact of
an incremental nation-wide shift towards E30 consumption.

1. Background
As the world transitions away from fossil fuels into more renewable
energy sources, many industries have shown a growing interest in
investigating and eventually transitioning to more environmentally
friendly fuel sources. One such case is the transportation sector, where
approximately 142 billion gallons of motor gasoline are used annually
[1]. Furthermore, since the turnover of vehicles currently on the road is
very slow (~15 years [2]), it will be a long time before this number
decreases due to introduction of vehicles operating on alternative
sources of energy (e.g. electricity or hydrogen). Therefore, the only
immediate solution that can be implemented is through the use of fuel
sources compatible with current engine designs, either independently or
as additives. One such candidate that fits these requirements is ethanol.
Ethanol is an alcohol produced primarily from agricultural feed
stocks such as corn or sugarcane making it a renewable fuel source. It
has been used to power auto-engines since the 19th century [3].
Currently, all commercial vehicles can use ethanol blends up to 15%
(E15), while flex-fuel vehicles can use fuel blends containing 85% (E85).

Several studies were conducted to investigate how addition of higher
concentrations of ethanol affects different aspects of vehicle perfor
mance and functioning. These studies looked at the fuel blends’ effects
on different materials that the fuel comes into contact with, the emission
profile of engines operating on higher ethanol blends, and the effect that
increasing ethanol concentrations has on fuel efficiency and engine
performance. A number of previous studies investigated the effect of
higher ethanol concentration on material compatibility in commercial
vehicles. Matejovsky et al. conducted a study in 2017 that looked at the
effect of increasing ethanol concentrations on the corrosivity of different
materials [4]. They found that although there was a slight increase in
corrosion rate with higher ethanol blends, the observed change was
insignificant as compared to the lowest threshold of 0.0025 mm/year
[4]. The test was repeated after increasing the moisture content, and the
researchers reached the same conclusion. Another study conducted at
the Oak Ridge National Lab looked at the effect that different ethanol
blends had on the properties of different elastomers. The researchers
found that the effect due to the increased ethanol concentration was
negligible compared to variability due to the different types of
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elastomers tested [5]. A different study looked at the effect of different
ethanol blends on the function of engine oil. The metrics used to
determine differences between the blends were the friction coefficient
and the wear scar diameter. Their results indicate that increasing the
ethanol content up to 85% had minimal effect on the friction coefficient,
and no effect on the wear scar diameter [6].
Furthermore, a large number of studies were conducted to study the
effect of different ethanol blends on the emission profile. Table 1 sum
marizes the main results of these studies. The first column of the table
details the different fuel blends investigated in each referenced study,
and subsequent columns indicate the general pattern observed in
emission profiles for each particular pollutant as the ethanol concen
tration increases. As can be seen from the table, both greenhouse gas
emissions and other emitted pollutants such as nitrous oxide compounds
and hydrocarbons decrease with higher ethanol blends. Although there
are some discrepancies in the reported values due to variations in the
blending process, method of fuel injection, and experimental setup, the
general trend points to reduced emissions across the board.
Finally, studies investigated the effect of increasing ethanol con
centrations on fuel efficiency and engine performance. Due to the lower
energy density of ethanol compared to gasoline, it is assumed to be much
less efficient, and that any savings resulting from the lower price of
ethanol would be offset by the decrease in mileage due to the lower
energy density. However, this assumption doesn’t take into account
other factors that offset this decrease in energy such as ethanol’s higher
combustion efficiency and octane rating. Studies found that there is an
increase in cylinder pressure, temperature, and combustion efficiency,
as well as a decrease in knocking and combustion duration (see
Table S1). In turn, these effects can significantly offset the lower energy
density of ethanol. Moreover, studies looking at differences in engine
performance reported varying results depending on the implemented
general setup, nevertheless, the general trend points to an increase in
torque and brake specific fuel consumption (see Table S2).
Over the past decade, machine learning techniques have become a
valuable tool in addressing questions of complex nature [14]. These
techniques rely on analyzing large datasets to identify emerging patterns
that are otherwise difficult to identify [15]. Different machine learning
methods have been applied to obtain relationships between multiple
variables, cluster data into different sets, and classify inputs into
different categories [16,17]. Due to the wide array of applications that
can be achieved, machine learning has found its use in almost all areas of
research [14,16]. A plethora of such algorithms have been developed in
the last decade, and a number of excellent reviews have detailed the
strengths and weaknesses of each method [18–20]. In recent years,
artificial neural networks (NNs) have gained increasing popularity due
to their wide-range applicability, high performance, and their
nonparametric nature, which enable modeling of complex functional
forms. Within the context of energy and fuel consumption, NNs have
been used to predict biofuel quality parameters such as oxidative sta
bility using infrared data [21]. Other studies have used such techniques
to investigate how different factors influence fuel consumption [22,23].
However, the main drawback of using NNs is their black-box nature,
which makes it difficult to untangle how the algorithm reaches a certain

prediction. To remedy this limitation, a framework called Sparse Iden
tification of Nonlinear Dynamics (SINDy) that combines sparsity and
machine learning techniques has been developed to elucidate predictive
governing equations from large datasets [24]. This allows for a mech
anistic understanding of how the predictions are generated and gives
insights into the weighting factors that each parameter in the dataset
contributes to predict the desired variable. Both NN and SINDy can be
utilized to harness real-time data generated from the vehicle’s on-board
control module to predict how a change in one parameter (e.g. fuel
ethanol content) affects other performance-related parameters. Based on
the resulting analysis, it can be concluded whether or not the vehicle can
adapt to the change in fuel ethanol content.
In this study, the long-term adaptability and economic feasibility of
non-flex vehicles to E30 consumption was investigated. A data-driven
approach was followed in which 16 diagnostic and operating parame
ters were collected over a one-year period from vehicles operating on
both E30 (test) and E15 (control) fuel blends. A myriad of statistical and
data analysis methods including sparse regression and neural networks
were used to compare the behavior of these parameters temporally and
between the two fuel types. Furthermore, data was collected on the
average mileage per gallon for each fuel type to explore the economic
feasibility of utilizing E30. It was observed that the engine control
module of non-flex vehicles was capable of maintaining major operating
parameters (i.e., optimum air to fuel ratio and engine temperature) at
their desired set-points. Moreover, machine learning models trained to
predict instantaneous volumetric efficiency (as a performance metric)
displayed no difference between the two fuel types. Finally, the use of
E30 fuel was found to become economically viable when price differ
ences exceed 2.5% (i.e., when E30 is 2.5% cheaper). This demonstration
paves the way for further studies investigating the long-term adapt
ability of high-alcohol fuel blends and is intended as a guide to legis
lators and consumers on the risks and benefits of consuming higher
alcohol fuel blends in commercial non-flex vehicles.
2. Results and discussion
2.1. The effect of E30 use on fuel/air mixture and engine temperature
control
To analyze the long-term adaptability of vehicles to E30 fuel, OnBoard Diagnostic (OBD) parameters expected to remain constant
throughout the drive cycle were investigated to determine their
response to the increased ethanol content. Long-term fuel trim (LTFT)
and O2 sensor readings indicate whether the vehicle’s engine control
module (ECM) can adapt to the increased oxygen concentration result
ing from the added ethanol. The ECM controls the air/fuel ratio (AFR) by
measuring the voltage generated through the oxygen sensor which in
dicates the proportion of oxygen in the exhaust [25]. A voltage which is
too low indicates that the engine is running lean (excess oxygen), while a
high voltage indicates that the engine is running rich (excess fuel).
Readings from the oxygen sensor (controlled variable) signal whether
any changes are required to the fuel trim. LTFT, displayed as a per
centage, is a long-term average of the adjustment made to the fuel
mixture to maintain a balanced AFR. For engines running on gasoline,
the optimal AFR is 14.7:1. Therefore, a new non-flex fuel vehicle
consuming pure gasoline is set to have a fuel trim of 0%. Deviations from
this value occur over time due to several reasons, however, as long as the
values are maintained above − 25% (rich fuel mixture) and below 25%
(lean fuel mixture), no warnings arise and the oxygen concentration in
the exhaust can still be controlled.
Due to the higher oxygen content, the optimal AFR of pure ethanol
(9:1) is significantly lower than that of gasoline. Therefore, it is ex
pected that the addition of higher ethanol blends will result in a leaner
fuel mixture. For a 30% ethanol concentration, the optimal air/fuel
ratio will be approximately 13:1. Subsequently, this will lead to an
automatic increase in the LTFT in order to maintain a constant oxygen

Table 1
Emission profiles of pollutants under different ethanol-blends relative to gaso
line. Arrows indicate the effect of increasing ethanol content on the emission of
each pollutant.
Ethanol blends (%)

CO

NOx

CO2

HC

Reference

E0; E25; E50; E75; E100
E10; E20; E30; E40
E0; E5; E10; E20; E30
E0; E5; E10; E20; E30
E0; E10; E20; E40; E60
E5; E10; E20; E30
E0; E10; E30

↓
–
↓
↓
↓
↓
↓

↓
↓
↑
–
–
↓
↓

↓
–
↑
↓ or ↑
↑
–
–

↓
–
↓
↓
↓
↓
↓

[7]
[8]
[9]
[10]
[11]
[12]
[13]
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concentration in the exhaust (i.e. constant O2 sensor reading). The
distribution of these two parameters, recorded over an entire year, were
compared between vehicles operating on E30 compared to those
operating on E15. As expected, there was an average increase of
approximately 3.5% (11.4% vs 7.9%) in the LTFT of vehicles operating
on E30 (Fig. 1A). However, the distribution of O2 sensor readings for
the two conditions were similar (Fig. 1A). This indicates that the ECM
of the tested vehicles was able to account for the increased oxygen
content in the fuel. It is noted that a multitude of factors other than fuel
type can affect fuel trim (e.g., air leaks, faulty fuel pumps or injectors,
etc.) and combine to result in a high enough LTFT to trigger a warning
[26]. However, from this analysis, it can be concluded that the average
increase due to fuel type alone can be handled by the control system of
non-flex fuel vehicles. Furthermore, a time-series analysis was con
ducted to determine whether there were any temporal changes in the
amount of oxygen evolution in vehicles operating on E30, indicating
any underlying mechanical deterioration or deviation from the desired
set point over time. As can be seen from Fig. 1B, although the data is
inherently noisy due to the scale of the measured voltage, no trend can
be observed across drive cycles for either fuel type. A similar analysis
was conducted to determine whether there was a significant difference
in engine operating temperature between the two fuel types. As can be
seen from Fig. 2, although there was a slight but significant increase in
the average engine temperature of vehicles operating on E30 compared
to those operating on E15 (197 ◦ F and 195 ◦ F, respectively), both fuel
types remained within the acceptable range of 195 ◦ F to 220 ◦ F and
significantly below engine temperatures that would trigger any warn
ings (240–250 ◦ F). A comparison of the calculated slope for each
vehicle in Fig. 1B and 2B verified that there was no significant differ
ence between the change in O2 sensor or coolant temperature readings
over time between the two fuel types (p-values of 0.186 and 0.748,
respectively. Furthermore, analysis of the stationarity of the time-series
behavior of both parameters has been detailed in Supplementary File 1.

importantly, this chosen metric would also have to be measured so that
it could be used to train the fitting algorithms. Absolute load (AL) was
chosen as the performance metric. In addition to being one of the pa
rameters that could be recorded by the OBD tracker, AL is dependent on
multiple other parameters and is a direct measure of volumetric effi
ciency. Therefore, if a model can be obtained in which the other
recorded parameters can be used to predict this metric (AL), then a
direct comparison can be made between models generated using data
from vehicles consuming E15 and those consuming E30.
Phase I: Modeling Absolute load using SINDy
In the first phase of the analysis, a recently developed framework was
implemented to determine an empirical formula relating the gathered
(independent) vehicle parameters to absolute load. The framework,
called sparse identification of nonlinear dynamical systems (SINDy), uses
gathered data on the parameters of interest to come up with a governing
equation describing the relationship between the independent and
dependent variables [24]. The goal of this analysis was to (i) determine
whether a relationship did in fact exist between the gathered parameters
and absolute load, and (ii) to determine how coefficients of the predicted
equations vary between vehicles running on E15 compared to those
running on E30.
The analysis showed that 9 terms comprising 5 unique parameters
were required to describe absolute load (Table 2). Since the SINDy
framework relies on sparse regression, the nine identified terms
comprise the minimal number of terms required to accurately predict
the variable of interest (AL). The majority of the non-zero linear terms
(with the exception of engine timing), which alone resulted in a corre
lation of approximately 0.88, were similar between the two fuel types.
Furthermore, by comparing the ranges of the coefficient values, it can be
seen that although most distributions are statistically different (P <
0.01), the magnitude of the values are often similar. The main difference
to this is the effect of intake temperature on AL. As can be seen from both
the linear and non-linear coefficients associated with this parameter, the
effect of ambient temperature is much less pronounced on the AL of
vehicles operating on E30 as compared to those using E15. In other
words, all other parameters being equal, vehicles operating in the same
temperature will have a higher AL when consuming E30. A mechanistic
explanation of this result is not clear.
The model’s performance was also evaluated using a number of
conventional metrics (Table 3 and Fig. 3A). The models displayed
satisfactory performance when tested on data from a different fuel blend
compared to the one used for training. This indicated that if a better

2.2. The effect of E30 use on vehicle performance: A comparison of
volumetric efficiency
Next, more complex parameters that display transient behavior such
as engine timing, throttle position, and engine speed were analyzed to
look for any underlying differences that might arise from using a higher
ethanol blend. To accomplish this, a performance metric had to be
chosen that could be used to fit the measured parameters to. More

0.56
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E30

E15

B

0.54

O2 sensor (V)

0.52
0.5
0.48
0.46
0.44

1
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85
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133
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181
193

0.42

Drive cycles
Fig. 1. Distribution and temporal analysis of parameters affecting air/fuel ratio for vehicles operating on E30 and E15. (A) Box plot of the distribution of average
LTFT and O2 sensor values, and (B) O2 sensor readings across drive cycles for three randomly selected vehicles operating on each fuel type.
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B
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193

170

Drive cycles
Fig. 2. Distribution and temporal analysis of engine coolant temperature for vehicles operating on E30 and E15. (A) Box plot of the distribution of average coolant
temperature values, and (B) coolant readings across drive cycles for three randomly selected vehicles operating on each fuel type.

between a multitude of driving parameters and to ensure that this
relationship did not change with increasing ethanol content.

Table 2
Coefficients of the parameters predicted to affect absolute load using SINDy.
Parameter

E30

E15

P value

Engine Speed (RPM)

− 0.2395 ±
0.0010
0±0

0.0513

0.0938 ± 0.0012

− 0.2425 ±
0.0023
− 0.0640 ±
0.0011
− 2.7476 ±
0.0562
0.1333 ± 0.0011
1.4557 ± 0.0027
− 0.0671 ±
0.0011
0.1340 ±0.003

0.2289 ± 0.0462
− 0.2021 ±
0.0002

0.9522 ± 0.0195
− 0.1924 ±
0.0005

2.24E-09
2.05E-10

Engine Timing (%)
Intake Air Temp (0F)
LTFT (%)
Throttle Position (%)
(engine speed)2
(Engine Speed)×(Throttle
Position)
(Intake Air Temp)2
(Throttle Position)2

− 0.5848 ±
0.1210
0.1347 ± 0.0009
1.5491 ± 0.0011
0±0

2.3. Analysis of the long-term economic feasibility of E30 vs. E15
The long-term economic feasibility of using E30 compared to E15
was analyzed by comparing the average cost per mile of each fuel type.
To achieve this, fueling data was collected through driver logs to
calculate the fuel efficiency in terms of mileage per gallon (see methods
section). Variations arising due to factors other than fuel type were
minimized by pairing up vehicles according to their daily driving rou
tines and by using similar makes and models as both test and control
vehicles. In addition to the large sample size, it was assumed that these
measures are sufficient to eliminate any underlying factors affecting the
analysis (e.g., driving routes, highway vs city miles, etc.).
Fig. 4(A) below shows the average monthly fuel efficiency of the two
different ethanol blends throughout the time period of the demonstra
tion. As can be seen, E15 is on average 0.64 MPG more efficient than E30
(P < 0.005). Furthermore, the fluctuations over time between the two
different fuel types were found to be consistent which indicates that
temporal efficiency changes due to weather likely affect both fuel blends
similarly. It is also possible that the fluctuations are impacted by
changes in driving patterns across different weather conditions.
Furthermore, the error bars demonstrating the standard deviation for
each condition further emphasize the effect of driving conditions.
Next, the collected data was used to calculate the price per mile for
each fuel type. It is noted that when calculating this metric, rack prices
for gasoline and ethanol were used instead of gas station prices. How
ever, this should not affect the analysis as it is assumed that gas station

3.63E-14
8.91E-10
0.092
4.14E-12
2.41E-14
6.89E-09

fitting method was used, it would be possible to observe no difference
between the models obtained using data from vehicles running on either
fuel blend. This was the main objective behind the analysis in phase II.
Phase II: Modeling Absolute load using a deep neural network
In phase II, neural networks (NNs) were used to accomplish a similar
task to that in phase I. The main differences being that the use of a NN
would eliminate any biases introduced when using SINDy and would not
require any pre-normalization of the data [15]. After training and
validating data from each fuel type individually, the NN trained using
data from vehicles operating on E15 was used to predict the absolute
load of vehicles operating on E30 fuel (Fig. 3B). The rationale being that
if the accuracy remains high in this case, then no observable differences
exist in performance between the vehicles operating on either fuel type.
As can be seen from Table 3 and Fig. 3B, the NN outperformed SINDy
across all calculated metrices. More importantly, the model performed
just as well when tested on a different fuel blend than the one used for
training. This leads to the conclusion that based on the performance
metric chosen (AL), there is no significant difference between operating
on either fuel blend.
By employing the modeling frameworks above, it was possible to
contextualize the vast amount of data gathered and therefore determine
the effect of using E30 on engine performance. Overall, application of
SINDy and NNs made it possible to predict the complex relationship

Table 3
Model performance of the methods used to predict absolute load.
Model
SINDy
E30
E15
E30 (E15)a
E15 (E30)
NN
E30
E15
E30 (E15)
E15 (E30)
a

4

correlation

bias

MAE

R2

RMSE

0.9708
0.9713
0.9357
0.9674

0
0
− 0.0048
0.0034

0.1691
0.1667
0.2429
0.1821

0.9424
0.9434
0.8741
0.935

0.2399
0.2379
0.3548
0.255

0.9861
0.9862
0.9826
0.9821

− 0.0002
− 0.0002
0.0280
− 0.0266

0.1112
0.1173
0.1346
0.1418

0.9724
0.9726
0.9639
0.9632

0.1661
0.1655
0.1901
0.1918

Model trained on E15 data and tested on E30 data.
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Fig. 3. Model performance of (A) the SINDy algorithm and (B) a 1 hidden layer neural network. Both models were trained using data from vehicles consuming E15
and tested on data from vehicles consuming E30.

Fig. 4. Comparison of the economic feasibility of using E15 and E30. (A) Time-course fuel efficiency of the two different ethanol concentrations. (B) Time-course
price per mile for the two different ethanol concentrations.

markup would be similar for both E15 and E30. Fig. 4(B) below shows
the average monthly price per mile for each ethanol concentration. As
can be seen, the slight differences in fuel efficiency are offset by the
reduced price of E30. Furthermore, a sudden decrease in price can be
observed starting from March of 2020. This decrease was due to a sud
den drop in both gasoline and ethanol brought about by the COVID-19
pandemic. The effect on gasoline was exacerbated by a concurrent
decline in price due to political circumstances. This explains why in
April of 2020, the price of E15 fuel was cheaper than E30.

neutral [27]. In fact, recent well-to-wheel life cycle analysis (LCA) has
shown that the average carbon intensity for corn ethanol is approxi
mately 46% compared to that of neat gasoline [28]. This analysis took
into account nine emissions categories, including ones from upstream
processes such as corn production and transport, including farming, land
use change, feedstock transport, and co-product credit. It also took into
account emissions resulting from fuel production and transport, addition
of denaturant, and tailpipe emissions [28]. Therefore, increasing
ethanol content inherently leads to reductions in overall CO2 emission.
Currently, about 95% of the gasoline sold contains 10% ethanol [29].
Moreover, a typical passenger vehicle emits 5.1–5.2 tons of CO2 per year
[30]. This value would be reduced to approximately 4.9 tons per year
when 30% ethanol is used instead. When the total number of light-duty
non-flex fuel vehicles is considered (~233 million vehicles [29]), this
reduction becomes very significant. Fig. 5A below shows the projected
cumulative reduction in CO2 emissions resulting from only 10% of the

2.4. Long-term impact of E30 use on CO2 emissions and ethanol
consumption
Ethanol combustion releases 35% less carbon dioxide compared to
pure gasoline. Furthermore, the combustion of ethanol made from
biomass (such as corn and sugarcane) is considered atmospheric carbon
5
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Fig. 5. Impact of using E30 on CO2 emissions and ethanol consumption. (A) Predicted reduction in carbon dioxide emissions if 10% of US vehicles switched to E30
every year. (B) Predicted increase in ethanol consumption if 10% of US vehicles switched to E30 every year.

US’s on-road fleet switching from E10 to E30 every year. Such a tran
sition would result in an average reduction of approximately 34 mega
tons emitted every year. It is noted that these estimates are conservative,
as they do not take into account the reduced carbon intensity of pro
ducing ethanol compared to gasoline [28]. Fig. 5B shows the corre
sponding increase in ethanol consumption over the same time period.
Such a shift will constitute a notable milestone on the road to mitigating
the damage caused by global warming.

gas emissions until improved fuel technologies and electric vehicles
become more widespread.
This study constitutes a good starting point towards ensuring the
safety of using 30% ethanol in non-flex fuel vehicles. Future studies can
build on this demonstration in two ways: by (i) replicating this analysis
on a broader range of vehicles makes and models (coarse-grained
analysis), or (ii) investigating the physical effect of long-term E30 use on
the fuel system under real-life driving conditions (fine-grained analysis).
Studies looking into the physical effect of consuming E30 should
compare the long-term accumulation of particulate matter in the fuel
pump and fuel injectors between vehicles operating on E15 and those
operating on E30. Both types of analysis will provide valuable infor
mation and will ensure the safety and feasibility of using higher ethanol
blends in non-flex fuel vehicles.

3. Conclusion
This study investigated the long-term feasibility of using a 30%
ethanol blend (E30) as compared to a 15% blend (E15) on non-flex fuel
vehicles. Feasibility was defined as (i) the vehicle’s ability to adapt to a
fuel blend containing 30% ethanol without sudden, or gradual de
viations in performance and (ii) the economic viability of using a higher
ethanol blend. Performance metrics were gathered through on-boarddiagnostic (OBD) trackers which continuously recorded the values of
16 parameters from 50 vehicles consuming either E15 or E30. Analysis
revealed that although differences in the performance metrics were
statistically significant, the magnitude of these differences were mini
mal. This was evident both for parameters that were expected to remain
constant (fuel trim, oxygen sensor, and coolant temp), and the combi
natorial behavior of parameters which were constantly changing. As
expected, the difference in oxygen content between the two blends
caused the long-term fuel trim of vehicles operating on E30 to be
higher. However, the magnitude of this change was below the limit set
by most car manufacturers (20–25%). Furthermore, the change in fuel
trim allowed the vehicles’ control modules to control for the amount of
unburnt oxygen. This indicates that the control system of non-flex fuel
vehicles is capable of handling ethanol concentrations up to 30%. In
addition, analysis of transiently behaving parameters showed that ac
cording to the performance metric chosen (absolute load), no difference
could be observed between the performance of vehicles operating on
either fuel blend. The economic analysis showed that the use of E30
leads to an average decrease in fuel efficiency of approximately 0.64
MPG compared to E15. This minor variation in efficiency is usually
offset by the lower price of E30 compared to E15. In fact, a 2.5% price
difference is sufficient in counterbalancing the efficiency gap. There
fore, when the price differential is greater than 2.5%, the use of E30
becomes more economically viable. Finally, a strategy of introducing
E30 fuel and gradually shifting from E15 to E30 consumption will have
appreciable environmental effects due to reductions in greenhouse gas
emissions. The slow turnover of vehicles currently on the road requires
the proposal of immediate solutions compatible with the present
infrastructure and engine design. Therefore, implementation of such a
strategy can act as a buffering solution to reduce the rate of greenhouse

4. Methods and experimental design
4.1. OBD tracker setup and data acquisition
Third generation kiwi OBD trackers were purchased from PLX de
vices. The trackers continuously log up to 16 parameters from the ve
hicles’ diagnostic system (data is logged every second of the drive cycle).
The logged data is stored in a 6 GB SD card that was retrieved at multiple
time points during the demonstration to gather the data. A detailed
description of the setup procedure is provided in Supplementary File 2.
In short, the tracker is first connected to a mobile device before the
vehicle is started. The parameters of interest and mode of data acqui
sition are selected, and the vehicle is turned on. A list of the selected
parameters is also provided in Supplementary File 2. If the device was
set up correctly, the tracker should beep at every power cycle. As noted
in the supplementary information, this step can cause a number of
contingencies. Therefore, after the first power cycle, the microSD cards
were removed to ensure that the parameters of interest were being
recorded. The kiwi tracker records each drive cycle as an independent
excel file. A sample output is provided in Supplementary File 3. It is also
noted that if the vehicle’s battery is disconnected, the tracker can no
longer accurately keep track of the date unless reconnected through the
mobile device. No other parameters are affected by this disconnection.
Information regarding vehicle make/model, year, and miles driven is
provided in Supplementary File 4. Out of the 50 participating vehicles,
43 accumulated sufficient data for subsequent adaptability and perfor
mance analysis. The majority of these vehicles were operated under
normal driving conditions. However, nine of the vehicles were State
Patrol owned muscle vehicles operated under extreme conditions. Data
from these vehicles was analyzed separately, and the resulting figures
are provided in Supplementary File 5. Due to the relative small dataset
generated from these vehicles compared to the 41 vehicles operating
6
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under normal conditions, the data was only used to determine adapt
ability and economic feasibility but was not used to predict performance
(Supplementary File 5).

(“Compiled log data.xlsx”) for subsequent analysis. This dataset can be
found in the GitHub page associated with study (https://github.com/aals
iyabi/E30). Miles traveled on each tank was calculated by taking the
difference in mileage between gas fills. In cases where the mileage
entered was inconsistent, or when other important parameters such as
the number of gallons filled were missing, the entire row of data was
labelled problematic and omitted from subsequent analysis. Further
more, cases where an incorrect fuel blend was used were also discarded.
Out of a total of 2873 data points, each constituting a gas fill-up, 4.1% of
the data was manually discarded for the reasons stated above. Average
fuel efficiency (i.e. MPG) was then calculated by dividing the distance
traveled in miles by the volume of fuel added. This data was consolidated
by removing log data from vehicles with substantial deviations in their
calculated MPG. Outliers, defined as values below the first interquartile
or above the third interquartile range, were omitted. These values usually
arise due to errors in logging the mileage or the amount of gasoline
added. Finally, the monthly average and standard deviation was calcu
lated for vehicles using each of the two fuel blends.
A three-terminal average of gasoline and ethanol rack prices from
Doniphan, North Platte, and Omaha was used to calculate the price per
mile based on the percentage of ethanol used. The daily price for these
fuel types was averaged for each month unless the standard deviation was
greater than 10 cents. For March 2020, the standard deviation for both
fuel types were approximately 40 cents, so daily prices were used instead.
For April and May 2020, a 10-day average was sufficient to obtain a
standard deviation of <10 cents. Using the calculated miles per gallon
values, a monthly average was used to generate the price per mile values.

4.2. Data pre-processing and statistical analysis
To ensure that the analyzed parameters had enough time to sta
bilize, only drive cycles that were longer than 10 min were analyzed.
This threshold was chosen since the trackers start recording as soon as
the vehicle is started, meaning that in most occasions, shorter driving
times indicate that the vehicle remained idle for the entire power
cycle. Furthermore, after filtering out short drive cycles, the remaining
files were pooled into either test (E30) or control (E15) pools for
further analysis.
Long-term fuel trim (LTFT), coolant temperature, and oxygen sensor
readings constituted a set of parameters that expected to remain constant
and within a certain range throughout the demonstration. Comparison of
these parameters required comparing each parameter’s distribution of
values between the test and control case. A python code was imple
mented to determine whether a significant difference was present be
tween the parameters recorded for each of the two fuel types. The boxplot
was generated in MATLAB using the built-in boxplot function. Values
outside of the three interquartile range were considered outliers.
4.3. Predicting volumetric efficiency using SINDy
Sparse identification of nonlinear dynamics (SINDy) is a sparse
regression method used to derive (non)linear relationships between
dynamic parameters [24]. This input requires the specification of a
dependent variable (y) to be fit, and a set of potential variables to be
used as independent variables (x). For this work, absolute load was set
as the dependent variable, and the remaining parameters were input as
independent variables. The output of the analysis is a sparse vector of
coefficients constituting the best-fit solution to the regression problem
(Table 2). The framework allows users to specify the degree of poly
nomial nonlinearity (n) to be tested. For this work, n was set to two to
avoid overfitting. Data gathered and pre-processed from the OBD
trackers of vehicles operating on each of the fuel types was randomly
divided into 5 equally sized groups to determine coefficient sensitivity
to the training data. A MATLAB implementation developed by the au
thors of the original work was used for model generation. Correlation,
bias, mean absolute error (MAE), root mean square error (RMSE) and
the coefficient of determination (R2) were used to evaluate model
performance.

4.6. Predicting long-term effect of using E30 on CO2 emission and ethanol
consumption
Detailed calculations of how the values obtained for Fig. 5 are pro
vided in Supplementary File 6. Briefly, typical fuel efficiency (in miles
per gallon) and miles driven by a typical light-duty vehicle per year
obtained from US Department of Transportation reports [31] were used
to determine the average gallons consumed per year. These values were
also calculated for E30 fuel using the 2.5% difference in efficiency
determined in this study. CO2 emission reduction was subsequently
calculated based on 8.9 kg/gal and 5.77 kg/gal CO2 emitted for gasoline
and ethanol respectively.
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4.4. Predicting volumetric efficiency using neural networks
The Deep Learning Toolbox was used to generate a neural network
using the toolbox’s fitting app. A variety of network architectures were
tested (i.e. number of nodes and hidden layers) and it was found that 10
nodes and a hidden layer were sufficient. The Levenberg-Marquardt
training algorithm was used with 70% of the data used for training,
15% for validation, and 15% for testing. Model performance was eval
uated as described in the preceding section.
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4.5. Economic analysis
Driver logs were given to each of the drivers to document fuel fill-ups
(Supplementary Fig. S3). Drivers documented the date, station name and
location, fuel blend, gallons filled, mileage, and any comments on per
formance or issues. Drivers were instructed to fill-up the tank at each
filling stop. In cases where the tested ethanol blend (E15 or E30) was not
available, the drivers were instructed to use E10. Such cases were taken
into account when calculating the cost per mile. 48 out of the 50
participating vehicles accumulated sufficient data for the economic
analysis. Data from the logs was entered into an Excel spreadsheet
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